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ABSTRACT  

Cancer is a disease caused by an uncontrolled division of abnormal cells in part of the body. In 
microarray technology gene expression profiling techniques are used to predict different type of cancer. To 
identify potential gene markers for each cancer subtypes two methods are used 1) Traditional supervised 
classifier are used which work only with labelled data 2) Transductive support vector machine (TSVM) are used 
to classify the number of unlabeled data. The ensemble methodology is to build a predictive model by 
integrating multiple models. Gene Prediction random ensemble multi-label classification (GPREMLC) 
algorithm randomly selects feature subsets, label subsets and instance subsets to build ensemble of multi-label 
classifiers for dealing with multilabel problem effectively . The optimal parameter is based on best training 
classifier combine with tested samples, predict the majority votes and  improve the accuracy of the classifier. 
Keywords : Microarray, TSVM, Ensemble, Gene Expression  
1.1 INTRODUCTION 

Microarray technology is involve thousand of gene sequence is placed in a microscopic  glass spots is 
attached on a solid surface. Microscopic spots contain picomoles of the sequence information.  Array contain 
more than  thousand probes of a microarray can many genetic test parallel. DNA is transcribed into RNA and 
translated into protein. The huge amount molecular information extracted and integrated to find the common 
pattern with the group of samples. Gene Expression is a method of measuring a single gene at once. Amount of 
RNA produced from a gene is controlled by two method are transcription and degration .In Transcription stage 
DNA molecules are transcribed into  MRNA. Translation where the stage MRNA is translated in to amino acid 
sequence. Gene is located in chromosomes and has a different number of chromosomes.  

Ensemble Classifier is construct  a set of base classifier from the training samples. Cancer classification 
using gene expression profile to predict the different type of cancer. In Ensemble method resampling techniques 
is to obtain the training set of each classifier. Resampling according to the some sample distribution. Support 
vector machine is an supervised learning model with learning algorithm. TSVM is to analyze data and used for 
classification In TSVM we give set of input data and predict the input and produce two output classes and make 
it as binary linear classification. TSVM is efficient in non-linear classification. 

Feature selection is the process of selecting a subset of relevant features for use in model construction. 
Technique is that the data contains many  irrelevant features. The use of feature selection in analyse DNA 
microarrays have  many thousands of features and a few have hundreds of samples. The feature selection 
improved model interpretability. In multi-label classification (MLC), each example can be associated with a 
single label. L { l : j 1...M} j is used to represents the finite set of labels, and D {( x ,Y ), i 1,..., N } .Feature 
extraction is an input data is transform into reduced representation of feature . Feature extraction is an attribute 
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reduction process. Feature selection which rank the existing attribute according to  the predictive significance. 
Feature extraction is a dataset with higher dimensionality on the smaller number of dimension. 
2.1 RELATED WORKS 
2.1.1 K NEAREST NEIGHBOR CLASSIFIER 

The K-Nearest Neighbor(KNN) method applied to gene classification by KNN differs from NN that 
the class label of a testing sample s is assigned using majority vote from K training tuples that are most similar 
to s according to a distance measure function. In a correlation metric is used to measure the similarity between 
pairs of samples. The classification proceeds in two steps:  First step for each test sample K training samples 
with highest similarity to s are picked using the correlation metric R. Second step for each test samples its class 
is determined using majority voting of the classes of its K most similar neighbors. 

Each training sample t is treated as a test sample the distance measure is used to check its correlation 
with every other training tuples. The k most correlated training tuples are selected to vote for its class . Every 
training tuples original class is compared with its assigned class to get the total number of erroneous assignment 
for the current value of k. The value of K affects the performance of the method. In the case of gene 
classification the data sets is small but has enormous number of attributes. 

The k most correlated training tuples are selected to vote for its class. Every training tuples original 
class is compared with its assigned class to get the total number of erroneous assignment for the current value of 
k. KNN has several advantages over NN the mislabeled training tuples have much greater effect on the 
classification result of NN misclassifying all the test tuples that are most similar KNN is less prone to bias in the 
data and more tolerable to noise it makes use of several training tuples to determine the class of a test tuple 
instead of one tuple. 
2.1.2 DECISION TREE 

Decision tree algorithms are important and established machine learning techniques that have been 
used for a wide range of applications specially for classification problems. Decision trees have been found to 
accurately distinguish between coding and non-coding for finding genes uses a variety of techniques decision 
tree system developed in for solving the problem of discriminating coding and non-coding DNA.  

The optimal segmentation is dependent on a separate scoring function that takes a subsequence and 
assigns to it a score reflecting the probability that the sequence is an exon. The score functions in MORGAN are 
sets of decision trees that are combined to give a probability estimate. The internal nodes of a decision tree are 
property values that are tested for each sub sequence passed to the tree. The bottom nodes (leaves) of the tree 
contain class labels to be finally associated with the subsequence. Classified the various components are 
assembled into an optimal gene model using a dynamic programming approach.  

The decision about what gene model is best is a combination of the strength of the splice sites and the 
scores of the exons produced by IMM  scoring function based on decision trees is built in order to estimate the 
probability that a DNA subsequence is coding or not. Five types of subsequences are introns, initial exons, 
internal exons, final exons and single exons . The probability obtained with the decision trees are averaged to 
produce a smoothed estimate of the probability that the given subsequence is of a certain type. A gene model is 
only common if the IMM score over all coding sequences exceeds a fixed threshold. 
 
2.1.3 TRANSDUCTIVE SUPPORT VECTOR MACHINE (TSVM) 

The hyperplanes that maximize the separating margin between two classes using the available labeled 
samples. TSVMs are basically iterative algorithms that gradually search the optimal separating hyperplane in the 
feature space. The transductive process that incorporates unlabeled samples in the training phase. In the 
semisupervised framework two datasets are  labeled training dataset  and an unlabeled dataset the learning 
process of the TSVM can be formulated as an optimization problem.The user-specified penalty values of both 
the training and transductive samples are the slack variables.  
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The selection of transductive samples is done through a process of filtering the unlabeled samples are 
considering a binary classification problem the algorithm begins with training the SVM classifier as support 
vectors  are the only patterns that affect the position of the discriminant hyperplane. At each iteration  
transductive samples are selected on either side of the separating hyperplane to define the positive and negative 
candidate sets. The positive and negative semilabeled samples are selected from both the upper (positive) and 
the lower (negative) side of the margin.   

Transductive set contains the samples common between the first and second transductive sets.  First 
transductive set is then removed from the initial working set. Second resultant transductive set is added to it. 
The resulting hybrid training set is used at the next iteration to find more reliable discriminant hyperplane. The 
same unlabeled set is relabeled by the current trained learner. The final transductive set would contain samples 
having label consistency throughout the entire process. The separating hyperplane will move to a finer position 
in subsequent iterations can be explained by arguing that reducing the misclassification of transductive samples 
can lead to the identification of a more reliable discriminant function.  

 3.1 SYSTEM ARCHITECTURE 
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Fig 3.1 shows the overall architecture of classifying gene expression based cancer prediction input gene data 
sets the gene data set contained both labelled and unlabeled data. The both dataset are separated by Low Density 
Separation. 

Low Density Separation is implement with two effective procedures to place decision boundary in low 
density  region . First it derives graph based distance that emphasize low density region.graph is desired edges 
are placed between nodes that are nearest neighbours. The output function varies between connected nodes are 
derived pairwise similarities between points.  
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 Second gradient descent approach to optimize the objective function in order to obtain decision 
boundary that avoid high density region. The gradient descent is an approximately equal to evaluating the cost 
function multiplied by the square of the number function multiplied by square number variable. To store kernel 
matrix. Memory can be reduced to the part required of training but the time required to compute individual 
shortest path required for computing all paths from single source. 

Random subspace feature extraction is an iterative process. The number of variant random subspace 
method build ensemble classifier by using a pseudo random selection of small number of feature dimension. The 
random select the certain instances from set of training data with in the selected data.  

Ensemble feature dimension is an optimal parameter include the best number of model and best size of 
feature subset. Label power set is employed as the base learner and decision tree of ensemble model. Ensemble 
Multilevel Classification of  new instance arrive on classification of each classifier test with unlabeled data and 
combine the predicted by majority vote and finally classify the different type of cancer. 

4.1 PROPOSED SYSTEM 

The ensemble methodology is to build a predictive model by integrating multiple models. The 
ensemble is to weigh several individual classifier and combine them in order to obtain a classifier that 
outperforms every steps .The ensemble learning methods can bring robustness to multi-label classification. For 
instance in order to reduce the information redundancy during the multi-label learning  a model shared subspace 
boosting algorithm was developed  automatically finds shared subspace models where each model is learned 
from the random feature  subspace and bootstrap data and combines a number of  base models through multiple 
labels. 

 

Gene Prediction random ensemble multi-label classification (GPREMLC) algorithm randomly selects 
feature subsets, label subsets and instance subsets to build ensemble of multi-label classifiers for dealing with 
multilabel problem effectively. A set of base classifier from the training data. The resampling techniques to 
obtain different training set of the classifier.   

• Original training data is to create multiple data set. 

• Build multiple classifier.  

• Combine the training samples in the classifier. 
 

5.1 MODULES  

5.1.1 RANDOM SUBSPACE FEATURE EXTRACTION 

 The input dataset  the number of models m incrementally changing from 1 to a specified value, randomly select 
a certain percentage of instances from D, within a selected dataset, randomly select a feature subset with size Sf 
and a label subset with size Sl. These random subset selections are without replacement. The end of the 
iteration, a set of ensemble multi-label classifiers are constructed by training the label power set classifier on the 
randomly selected subsets. Sufficient trained multi-label ensemble classifiers are obtained. The input data is too 
large to processed and it is suspected to be notoriously redundant. 

The input data is transform into reduced representation of the feature and transformed the input data 
into the set of feature is built in ensemble. Feature selection is placed in ranking the existing attribute according 
to their predictive significance. The hyposthesis that can be generated by machine learning. 

5.1.2 ENSEMBLE ALGORITHM FOR FEATURE DIMENSION 
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The optimal parameters can be determined based on the best training samples. The optimal parameters 
include the best number of models, best sizes of feature subset, label subset, instance set and threshold. The 
selected parameters can be used for testing of algorithm. The ensemble algorithm is employed as the base 
learner and the decision tree is recommended as the base level classifier for gene. Label power set is employed 
as base learner and the decision tree. The three layer to classify the training samples . The bottom layer is an 
binary classifier. The middle layer is built ensemble of label power set and construct the Gene Prediction 
Ensemble Multilabel Classification framework. The last layer is combine ensemble of multilabel power set 
classifier. 

5.1.3 ENSEMBLE MULTI LEVEL    CLASSIFICATION  

A new instance x arrives for classification, each classifier hi provides binary predictions hi ( x , lj) for 
each label lj in the corresponding training subset with the size of feature dimension Sf < F and label dimension 
Sl < L. The default the size of label subset is set to be 3, the size of feature subset is set to be 70% of the original 
feature set, the size of instance subset is set to be 70% of entire instances, and the threshold is set to be 0.5. 
Hamming loss refer the average binary classification error. 

• multilabel evaluation dataset D contains multi-label examples ( i i x ,Y ), i=1 

• Y L i ⊆ denotes a set of true labels, L= {lj: j=1…M} denotes the set of all the labels, and xi denotes a 
new instance.  

The label based F1-measure refers to the harmonic mean between precision and recall, where the recall 
refers to the percentage of relevant labels that are predicted and precision refers to the percentage of predicted 
labels that are relevant. F1-measure is widely used for singlelabel classification evaluation, which is applicable 
for evaluating multi-label classification by using Microaveraging and Macro averaging. 

  
6. EXPERIMENTS AND RESULTS 

 

shows the Accuracy comparison. TSVM is an iterative process that gradually search the optimal separating 
hyperplane in the feature space with transductive process. When label samples fall in the margin will give the 
richest information to find better separating hyperplane. In TSVM selected samples with in an expected accurate 
value. Ensemble classifier combine with multiple models into one. Constract a set of base classifier from 
training data. when the label data is classified into  number of classes and combine with unlabel samples finally 
combine with majority vote and finally predict the acuuracy of classifier. In TSVM method the accuracy is 90%  
and Ensemble method the accuracy of the classification is increased 97%. While using ensemble method 
consider the multiclassification problem in that the accuracy of classifier is increased comparing to TSVM 
method.  
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7.  CONCLUSION 

Gene expression based cancer is one of major causes of death. The random subspace method for feature subset 
selection, bagging sampling and random k-label sets ensemble learning for label subsets sampling. Multilabel 
classification evaluation measurements are chosen from three major types based Hamming-loss, label-based 
micro averaging F1 measure and ranking-based average precision to present the relevant samples. The 
parameter selections on the training samples include the best number of model and best size of feature subset. 
Finally monitoring the gene and classify the different type of cancer and improve the accuracy of the classifier.  
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